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How Researchers Use Diagrams in Communicating Neural Network Systems
Guy Clarke Marshall,André Freitas,Caroline Jay
• Twelve artificial intelligence system experts are interviewed about their use of diagrams.
• Differences in interpretation, preference and use of scholarly system diagrams are discovered.
• Priorities and problems that scholarly system diagram users encounter are identified.
• Guidelines for neural network system diagrams are proposed.
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ABSTRACT
Neural networks are a prevalent and effective machine learning component, and their application
is leading to significant scientific progress in many domains. As the field of neural network
systems is fast growing, it is important to understand how advances are communicated. Diagrams
are key to this, appearing in almost all papers describing novel systems. This paper reports on
a study into the use of neural network system diagrams, through interviews, card sorting, and
qualitative feedback structured around ecologically-derived examples. We find high diversity
of usage, perception and preference in both creation and interpretation of diagrams, examining
this in the context of existing design, information visualisation, and user experience guidelines.
Considering the interview data alongside existing guidance, we propose guidelines aiming to
improve the way in which neural network system diagrams are constructed.
1. Introduction
Neural networks are often used in Artificial Intelligence (AI) systems. Two important application domains are
Natural Language Processing (NLP) and Computer Vision (CV), specialising in the creation of systems to perform
tasks involving language or images respectively. In addition to the core areas of classification and pattern prediction,
neural network systems have been successfully applied in complex domains such as autonomous driving, language
translation, or automated question answering.
Increasingly complex and niche application areas are being identified, and systems built to address these problems.
SemEval, an annual semantic evaluation workshop, has different tasks each year. In 2020 the tasks included Memotion
Analysis (the analysis of internet memes), Detection of Propaganda Techniques in News Articles, and Multilingual
Offensive Language Identification in Social Media (SemEval-2020, 2020). Neural network systems have demonstrated
the potential to address a wide range of modern issues. In some cases, neural network systems have been created which
outperform humans by a considerable margin, such as recently found in biology, in an image classification task, where
a neural network’s 90% accuracy significantly outperforms the 50% human expert accuracy (Buetti-Dinh et al., 2019).
With such a wide range of useful application areas, and with such demonstrable potential advancement, there is a huge
amount of scholarly activity related to neural networks.
As in other disciplines, scholars communicating advances to their community do so through journal and conference
papers, which often include a system diagram. Interpretation of these diagrams is an important part of scholarly
communication about neural network systems. An example diagram is shown in Figure 1.
Incorrect interpretation of these diagrams has the potential to cause misunderstandings about the system design,
leading to an incorrect understanding of the scientific advancement by other researchers. For scientists and software
engineers applying the research in their application areas, there is the risk of wasting time in applying unsuitable
techniques, again through a lack of proper understanding of the system. For these reasons, accuracy, clarity, and
overall effectiveness of system diagrams is important.
We use an interview study in order to capture rich, individual feedback about diagrams. We explore a broad range of
topics about the use of diagrams, and uncover preferences and communication issues, in order to generate requirements
for guidelines. The guidelines we propose aim to facilitate improvement to communication concerning advances in
neural network systems.
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Figure 1: An example scholarly neural network system diagram, from Maharjan et al. (2018)
Figure 2: ACL (Joyce Chai and Tetreault, 2020a,b), CVPR (ComputerVisionFoundation, 2019, 2020) and SIGCHI (ACM,
2019, 2020) long and short paper submissions
1.1. The rapid growth of AI systems research
Figure 2 showsmain track long paper submissions to ACL (Natural language processing), CVPR (Computer vision)
and SIGCHI (Human-computer interaction) conferences from 2009 to 2020. Note the rapid increase in submissions
to ACL and CVPR since 2017, even relative to the number of SIGCHI submissions, which is also fast growing. Each
of these conferences has the highest h5-index and highest attendee numbers in their domains, and have similar (ap-
proximately 25%) acceptance rates. From 2017 to 2020, there was 30% increase in submissions to SIGCHI compared
with 160% and 119% increases for ACL and CVPR respectively. This comes with familiar administrative issues for
organisers, and also for researchers in remaining current with the field. The fast pace also increases the importance of
effective communication.
In terms of scholarly communication, AI research consists of journals, conferences and reviews. Perhaps in part
due to the fast pace of development the field, conferences are particularly prestigious in Computer Science (Freyne
et al., 2010), and for this reason we focus our analysis and discussion on conference proceedings.
1.2. Neural network systems
Neural network systems are usually designed and trained to perform a specific task, such as classifying images or
predicting the next word in a sentence. A neural network system can be considered to encompass the entire software
system, rather than a distinct neural component in isolation. This scope corresponds well to the content commonly
included in diagrams in scholarly publications.
GC Marshall et al.: Preprint submitted to Elsevier Page 2 of 21
Neural Network Diagrams Interview Study
A neural network takes an input (such as text or images), and then processes this via a series of layers, to arrive
at an output (classification/prediction). Within each layer are a number of nodes that hold information and transmit
outputs to nodes in other layers. Specific mathematical functions or operations are also used in these systems, such as
sigmoid, concatenate, softmax, max pooling, and loss. Hyperparameters are parameters used to control the learning
process, such as the learning rate, and are often tuned for each system implementation. The system architecture de-
scribes the way in which the components are arranged. Different architectures are used for different types of activities.
For example Convolutional Neural Networks (CNNs) are commonly used for processing images. Long Short Term
Memory networks (LSTMs), a type of Recurrent Neural Network (RNN) which are designed for processing sequences,
are often used for text.
Neural networks "learn" a function, but have to be trained to do so. Training consists of providing inputs and
expected outputs, allowing the system to develop an understanding of how an input should be interpreted. The system
is then tested with unseen inputs, to measure whether it is able to handle these correctly and generalise to new cases.
A more detailed introduction to the field is provided by Goodfellow et al. (2016).
1.3. Diagrams in communicating neural network systems
Diagrams are a useful way of representing general systems. Peirce, an American philosopher and semiotician,
defines diagrams as "icons of relation" (Peirce and Moore, 1998). In Cybernetics, a system can be defined as "an
integral set of elements in the aggregate of their relations and connections" (Novikov, 2015). The shared emphasis on
relations suggest that diagrams may be a suitable and useful representation for systems.
In practice, diagrams are a prevalent medium for communicating neural network systems. Examining neural net-
work system diagrams found in conference proceedings, there are few conventions. There is variety at a structural
level, in terms of what is represented (be it inclusion of an example, data shapes, processing steps, or class names),
the level of granularity, and how it is represented (such as blocks, graphical icons, natural language, or mathematical
notation). At a lower level there is variety in how fundamental elements such as vectors are represented as graphical
components, sometimes even within the same diagram. This contrasts with terms in text, equations, pseudocode, and
code, which are predominantly formalised and consistent.
1.4. Research questions
The study addresses the following research questions, in the domain of neural network systems:
• Why do people create system diagrams for scholarly papers? (Interview)
• How do people create them? (Interview)
• What tasks do system diagrams support for readers of scholarly papers? (Card sorting; Interview)
• What aspects of presentation do people find helpful or confusing? (Example diagrams; Interview)
The research questions are designed to gathering requirements for potential diagrammatic tools and identify avenues
for future research. Additionally, this information is useful to researchers in the domain of neural network systems, to
inform diagram design.
We find a large variety of opinions, with only slight agreement on preference of example diagrams, task importance,
and diagramming tools. We also identify a number of areas causing confusion to readers, such as whether a precise
depiction is meaningful, and the omission of expected details from a diagram. We also report that for some readers,
scholarly system diagrams provide an overview of the system, allowing them to quickly understand a paper. This
highlights the importance and unique role of diagrams in scholarly communication.
2. Related work
This section discusses literature related to each of the research questions, and concludes with related work con-
cerning scholarly figures.
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2.1. Why do people create diagrams?
There are good reasons for using diagrams generally, which also apply to system diagrams. Diagramsmake abstract
properties and relations accessible (Hutchins, 1995, 2005). They are external representations which support cognitive
processes (Clark and Chalmers, 1998; Zhang and Norman, 1994). Further, in a public setting, they can enable collec-
tive or distributed thinking (Peirce and Moore, 1998). Diagrams can also be "manipulated in order to profile known
information in an optimal fashion" (Tylén et al., 2014). Cognitive and perceptual benefits of diagrams for handling
complexity are well documented, particularly in their ability to limit abstraction and aid "processibility" (Stenning and
Oberlander, 1995). Each of these attributes of diagrams has the capability to support research processes.
More specifically, there are benefits in using visual representations to display information. Van Wijk’s (2005)
economic model provides quantification of this value, by adding "cost" to each activity. For example, a useful business
information visualisation that reduces employee time taken and is frequently used gives a measurable financial benefit,
and the financial cost of initially building and maintaining the visualisation determines the return on investment, and
whether the visualisation is good value. From an Information Visualisation perspective, diagrams make information
more useful by removing noise, and improve the accessibility of complex algorithms (Keim, 2002).
In education, cognitive benefits of diagrams have been researched in Venn diagrams, tree diagrams and other
representations "encouraging thought regarding the whole and its parts" (Stokes, 2002). In a recent meta-study, Guo
et al. (2020) showed diagrams had a moderate overall positive effect on the comprehension of educational texts. Both
research and education require information searching behaviour, so it would be reasonable to expect some elements
of these education domain results to also hold in the research domain. However, compared with research tasks which
are primarily communicative, education tasks have different, pedagogical, desired outcomes. See Tippett (2016) for a
systematic review of visual representations in science education. The substantial differences in user profiles, use cases
and representational choices compared with scholarly research lead us to exclude the education domain from further
discussion.
2.2. How do people create diagrams?
In terms of the process for creating diagrams, cognitive theories are helpful for understanding how people sum-
marise and integrate information. There is a close relation between "how" and "why" diagrams are created, particularly
in terms of perceptual and cognitive attributes. As such, work found in Section 2.1 is also relevant to this research
question. Author’s mental models (Johnson-Laird, 1983) of systems has been explored in the AI system diagram do-
main (Marshall et al., 2020b), suggesting a close relationship between the author’s mental model and the diagram they
create.
In an interview study conducted retrospectively with building architects, Suwa and Tversky (1997) use a protocol
analysis to demonstrate the utility of sketches in "crystallizing design ideas".
Conceptual diagramming, using diagrams to support the cognition of concepts, can be considered a closely related
domain, if we consider a system architecture to be a conceptualisation of the design. In an interview study of conceptual
diagramming, Ma’ayan et al. (2020) investigated how people draw diagrams relating to complex concepts, including
computer systems, in order to generate requirements for diagramming tools. They focus on what they term "natural
diagramming", which refers to the author having a direct relation between their conceptualisation and the diagram, and
being able to use the diagram to explore a conceptual space.
2.3. What aspects of presentation do people find helpful or confusing?
Different ways of writing things down can lead to vastly different outcomes, both in natural language (Evans, 2006;
Wason and Johnson-Laird, 1972) and diagrams (Shimojima, 2015), particularly mathematical education diagrams
(Diezmann, 1999; Martinovic et al., 2013; Novick et al., 1999). Specific graphical objects used in diagrams can convey
entirely different meanings, aiding or hindering accurate interpretation. In mechanical drawings, experiments have
shown that the addition of arrows alters a structural diagram to convey functional information (Heiser and Tversky,
2006). Physics of notation, a diagram analysis framework proposed by Moody (2009) which is increasingly used to
design new notations (Van Der Linden and Hadar, 2018), includes a category for "semantic transparency", where
chosen visual representations automatically suggest their meaning.
Additional related work from Design, Information Visualisation, and User Experience domains, which provide
further insight into helpful and hindering practices, are discussed in Section 5.4. The later placement of this addi-
tional related work allows more specific discussion, with reference to our domain, and facilitates comparison with the
interview outputs.
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2.4. What tasks do system diagrams support?
We are not aware of any prior work examining usage of scholarly neural network system diagrams. There is
a significant body of empirical systems diagram research for Unified Modeling Language (UML), a diagrammatic
language used for software diagrams (Booch et al., 1998). The tasks commonly studied in empirical research are for
software engineering, rather than software research, and often prioritise error detection (Gopalakrishnan et al., 2010) or
maintenance (Soh et al., 2012), alongside more generally applicable diagramming topics such as cognitive integration
(Hahn and Kim, 1999) or comprehension (Purchase et al., 2003).
Tasks that researchers ask participants to perform using diagrams are often stated without evidence or discussion,
such as the examples given above. In experiments on flow maps with non-specialist users, Koylu and Guo (2017)
conclude that "The influence of the design on performance and perception depends on the type of the task", suggesting
this is a useful research question.
2.5. Scholarly figures
Carberry et al. (2006) note that information sometimes resides in figures that cannot be found elsewhere in the text.
This suggests that diagrams contain content not available elsewhere, and as such may have an important and unique
role when reading and extracting information from a paper.
Rowley-Jolivet (2000) examines the academic conference presentation as a medium, investigating the different
types of imagery used, from photographs to system diagrams. Rowley-Jolivet found that in Physics 52% of slides were
of images. This highlights the prevalence of diagrams as part of scientific scholarly communication.
Figures and diagrams are important and prevalent, but discussion of these is limited in popular academic writing
guides. Swales and Feak’s (2004) "Academic Writing for Graduate Students", despite including 11 conceptual dia-
grams to explain their own work, only gives guidance for the use of charts, not for the use of other figures such as
system or conceptual diagrams. In 212 pages, the single mention of figures or diagrams in Murray’s (2009) "Writing
for academic journals" is the rhetorical question "Do you have any figures, diagrams or tables to include?". Hall’s
(2012) medically-focused "How to write a paper" discusses some specific areas related to diagramming, providing
extensive advice for captions, legends and referencing the figure in text, and advising brevity and minimising duplica-
tion for the content of diagrams. Hall deals with figures and illustrations primarily relating to graphs in the "Results"
section, and also notes in the "Methods" section that "A diagram may be helpful if the design of the study is complex or
if a complicated sequence of interventions is carried out". This is the only reference to system diagrams. No further
guidance on content or presentation of diagrams is given. Schimel’s (2012) "Writing Science" includes limited advice
on referencing a chart in the text, and their advice on diagrams and figures extends only to the following comment: "I
have always felt that I don’t understand something until I can draw a cartoon to explain it. A simple diagram or model
- the clearer the picture, the better".
None of the above paper writing guides include a chapter, section or subsection discussing diagrams. These ex-
amples are indicative of the usual level of diagram discussion in highly cited scholarly paper-writing guides. There
are exceptions to this brevity. One such relevant domain-specific paper writing guide providing some depth of dia-
gramming advice is "Writing for Computer Science", in which Zobel (2004) includes one chapter and two additional
subsections about figures. This includes tables, algorithm figures, graphs, and figures in slide presentations. For sys-
tem diagrams, Zobel suggests making use of sketches, using available diagrammatic languages for the specific domain,
and outlines general design considerations such as removing clutter. These guidelines are not evidence-based, and are
published without any citations, though many replicate the influential advice of Tufte et al. (1990). Zobel notes that:
"Diagrams illustrating system structure often seem to be poor. In toomany of these pictures the symbolism
is inconsistent: boxes have different meanings in different places, lines represent both control flow and data
flow, objects of primary interest are not distinguished from minor components, and so on. Unnecessary
elements are included, such as cheesy clip-art or computer components that are irrelevant to the system."
Graphical abstracts (GAs) are diagrams which summarise scholarly work, and are "increasingly required by pub-
lishers to make scientific findings more accessible across and within disciplines" (Hullman and Bach, 2018). In their
analysis of 54 GAs, Hullman and Bach (2018) define a taxonomy to describe, classify and analyse the visual struc-
ture of GAs, noting "design of GAs is more diverse in its use of spatial layout than the textbook diagrams, which
were presumably created by professional artists". At present, formal graphical abstracts are uncommon in Computer
Science.
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Code Role Sector Specialism
P1 PhD year 1 Academic AI for Physics
P2 PhD year 3 Academic NLP
P3 Postdoctoral Academic NLP
P4 Postdoctoral Academic NLP
P5 PhD year 3 Academic NLP
P6 Postdoctoral Academic CV
P7 PhD year 2 Academic NLP
P8 PhD year 4 Academic NLP
P9 Data scientist Academic-related NLP
P10 Data scientist Industry CV
P11 Postdoctoral Academic CV
P12 Data scientist Industry NLP
Table 1
Participant summary
Tenopir et al. (2007) uses a survey and a series of user studies to understand readership use cases of figures within
scholarly documents and to test prototypes for ProQuest, a digital research library. The prototype was tested in ecolog-
ical science, and involved extraction of data, including figures, into a metadata page of "disaggregated components".
Their conclusions are primarily about researcher activity using these components, noting "emerging opportunities
to conduct research into scholarly communications focused on artifacts at finer levels of granularity". From their
hands-on study, they identify four main readership uses of figures: (i) "creating new fixed documents", (ii) "creating
documents to support performative activities", (iii) "making comparisons between a scientist’s own work and the work
of other researchers", and (iv) "creating other information forms and objects". Of relevance to diagrams, Tenopir et al.
state that "in-depth indexing is applied to individual tables and figures, which allows searchers to locate information
of interest even if the entire article is not on that topic". Referring to a lack of metascience, they noted more generally
that "investigations of scientists’ use of journal articles for purposes other than research have been rare". We are not
aware of any prior empirical research on system diagrams contained in conference proceedings.
In their study of scholarly information, Pontis et al. (2017) identified different attributes, such as experience level
and the project’s state, influencing researchers’ information-seeking behaviour. Pain points, uses and strategies are
described through the information journey. It was concluded that better support for filtering content is important. Use
of diagrams was not reported.
3. Study setup
We conduct a semi-structured interview study, and including the examination of six example diagrams and a closed
card-sorting exercise to identify "useful and not-at-all-useful tasks". University of Manchester Department of Com-
puter Science ethical review board approval was granted for this study (2019-7852-11951). Full interview scripts and
transcripts have been made available (Marshall et al., 2020a).
3.1. Participants
We recruited 12 participants (Table 1), each reporting having read at least one paper from the top three H-indexed
computer vision or natural language processing conferences, in the last 12 months (ACL, NAACL, EMNLP, CVPR,
ECCV, or ICCV). All participants were previously known to the research team, though not necessarily the interviewer,
and spanned seven academic, academic related, and commercial institutions.
3.2. Method
Semi-structured interview Semi-structured interviews are a well-established technique for collecting data (Kallio
et al., 2016). Prior to formal commencement of the study one pilot user was taken through using a preliminary interview
script, which led to the refinement of the interview materials. The full interview questions are available alongside the
transcript data, the overarching questions being:
• Can you describe how you use diagrams when communicating your research?
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• How do you use diagrams when consuming research?
Following the graphic elicitation and card sorting exercises detailed below, additional follow-up questions were
asked, about the role of diagrams more generally and exploring topics that came up during the interview. The entire
interview session, including the two exercises, was audio recorded and documented in the transcript. Six participants
were interviewed face-to-face, and sixwere interviewed over Skype video software. Interview resourceswere presented
as printouts or as PDFs. The interviews took an average of just over 1 hour, resulting in 12 hours, 4 minutes, 54 seconds
of audio recording. The recordings were transcribed with personally identifiable information and unnecessary non-
words redacted, resulting in over 58,000 words of transcription. The interviews were conducted in English, and the
majority of participants were non-native English speakers. The transcripts capture what was said, with the interviewer
adding clarifications of understood meaning in square brackets where required.
Graphical stimuli Graphic elicitation is a complex term, used in a variety of ways, as discussed by Umoquit et al.
(2013). In our study we use pre-made diagrams as stimuli, fitting with Crilly et al.’s (2006) definition and usage of
graphic elicitation. We use example diagrams for "graphic communication" rather than "graphic ideation". We chose
to use graphic stimuli as part of the interview for the reasons outlined by Crilly et al.: That it allows a shared frame of
reference, facilitates complex lines of enquiry, and provokes comments on interpretation and assumptions.
The six example diagrams we used were chosen after the research team conducted an open card sorting exercise on
a manually extracted corpus of 120 scholarly neural network (NN) system diagrams. Twenty diagrams were randomly
selected from each of CVPR 2019, ICCV 2017, ECCV 2018, ACL 2019, NAACL 2019 and EMNLP 2018. From
these 120 diagrams, six groupings were identified: "Labelled layers", "3D blocks", "pictoral example centric", "text
example centric", "modular" and "block diagram". The groups are not distinct, but encompass the main visual aspects
that authors seem to be prioritising. This follows the classification advice of Futrelle (2004), stating that "family
resemblances" are often the best we can do for diagram schemas. The specific examples used were selected from 2019
conferences, and were chosen (a) to be contemporary, (b) to cover a range of venues, (c) to be visually different and (d)
to be clearly placed within the groups identified. This selection criteria was chosen in order to cover the search space,
and facilitate discussion about the different visual and content aspects. Due to the heterogeneity of representations used
in the field, we were not able to construct a small subset that we felt were representative of the whole field. Instead we
aimed to cover a range of the most commonly observed diagrammatic phenomena.
Card sorting Closed card sorting (Wood and Wood, 2008) asks users to put cards into groups. The cards we used
had activities a researcher might perform using scholarly diagrams, and the groups used were: "Important in your use
of diagrams", "absolutely not important in your use of diagrams, do not do this at all" and "somewhere between". This
method was chosen in order to gather quantitative data about reported usage. Initially we encouraged participants to
rank all the cards from most to least important, but this proved to be too much with the first participant, so we adapted
to simplified groupings. The tasks list was generated based on the experience of the researchers conducting the study,
and participants were given the opportunity to add or remove from this list.
Analysis method We conducted a thematic analysis, following the framework of Braun and Clarke (2006). A bottom-
up analysis was appropriate due to the lack of theoretical framework to inform a priori categorisation. With a brief
commentary, the steps were:
1. "Familiarising with the data": Assisted by researchers conducting the transcription.
2. "Generating initial codes": Where applicable, we chose to code latent themes rather than semantically/literally,
in order to examine underlying issues. Initial scope was the entire interview content.
3. "Searching for themes": In gathering themes, we found the investigative scope too broad, and restricted our
thematic analysis to visual encodingmechanisms. This decisionwasmade from a reflexive standpoint (Blandford
et al., 2016), as it enables guidelines which will be pragmatic and relatively straightforward for diagram authors
to implement.
4. "Reviewing themes": Iterative, between research team, getting external input from a thematic analysis expert.
5. "Defining and naming themes": Including establishing a narrative of the research.
6. "Producing the report": This stage involved tweaking themes and reviewing previous codes, particularly on
whether to classify (and in doing so quantify) parts of the qualitative feedback, and selecting aspects for publi-
cation in this venue.
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Topics such as diagram content requirements and inter-participant agreement were also captured through the coding
iterations. We chose to use these as categories rather than themes, as the possible responses were relatively restricted
("do you like or not like this diagram", and ordering of tasks). The thematic analysis supports a narrower research
question of which presentation aspects are helpful or confusing.
4. Results
Our analysis examines the differences in opinions and usage of NN diagrams. Transcripts were uploaded into
NVivo 12 qualitative data analysis software (QSR International Pty Ltd.). Our reporting of this study is centred around
the research questions, and includes thematic analysis based around user requirements for reading diagrams. The
reporting does not reference individual diagrams in each instance, because (i) many quotes are not in reference to a
diagram (ii) some diagrams have multiple instances of a phenomenon, which the participant may be referring to only
one of, and (iii) the transcripts are available and are easily text search-able for the quote, with the Example diagram
letter added where it is not easily identifiable from the verbal transcription alone.
4.1. Why do people create diagrams when authoring papers?
Participants reported constructing diagrams in order to give a "schematic overview" (P1), to provide an "anchor"
(P12), and to "simplify understanding" (P3). Whilst these topics are conceptually intertwined, our analysis led to three
categories of why people use diagrams: (i) Summary view (ii) Perceived effectiveness, and (iii) Relation expression.
4.1.1. Diagrams as a summary
All participants expressed that their diagrams (or those they read) facilitate a holistic overview of the system. This
also relates to the use of the diagram to screen for a paper’s relevance. "Because in the diagram you can express
directionality and you can show consistent things over the whole approach. You can have a holistic view in a diagram,
that is quite hard to do in text, there is a bunch of stuff you have to go through to understand. For a new reader,
providing a diagram that gives you most of the picture." (P7)
"I use a diagram when I want to summarise or represent a higher level view of some process, or the building blocks
of a method that I’m trying to convey." (P8)
"So what I prefer to do through the diagram is give the intuition rather than the specification." (P12)
The difference in opinion on whether a diagram should provide a schematic summary appears to be linked to the
macroscopic readership behaviours described in Section 4.1.4, and is further complicated by the level of "engineering"
specification the participant felt beneficial to be detailed diagrammatically.
Participants reported part of the value of the diagram being in the omission of information in order to make un-
derstanding easier for readers, overlapping "summary" with "relational communication": "there are some things that
a diagram can just explain really succinctly and clearly" (P11).
4.1.2. Diagrams are perceived as effective compared with text (for relational communication)
All participants expressed that diagrams were good, useful or effective for communicating systems, though this
was often latent or with vagueness around the reasons for this (e.g. "I like diagrams" (P1), "Diagrams are good" (P2)).
The perceived effectiveness of diagrams led two participants to compare the utility of text and diagrams. P3
described text as being an effective default modality, with diagrams secondary: "Maybe this is the type of information
that reading from a diagram is more effort than reading from a text. The main idea of creating a diagram is to simplify
the understanding. If the concept is easy to describe in a few words, it is better to read a paragraph than to look at
a picture and try to decode it." (P3). In contrast, P4 described a diagram as being an effective default modality, with
text secondary: "Usually I prefer to use a graphical representation because it reduces the time to understand the idea
that is being expressed. Text for me is only to explain something that is not easy to do with a diagram by itself." (P4).
Both participants had the suitability of representation underlying their comments, which otherwise seem to be based
on personal preference. Overall, the perceived relative effectiveness of text or diagrams seems to be contextual and
personal, as found in many other aspects of the interview analysis.
The ability of diagrams to represent relations was expressed: "people can easily lose track of what connects to what
and why, while a diagram gives something like a grounding or an anchor" (P12). Section 4.4 includes commentary on
examples of usage of the relational nature of diagrams, especially navigation, which can be considered as the ability
to easily transition between objects using relations. Section 4.5 explore effectiveness of diagrams in more detail,
particularly within the theme "Visual ease of use" (Section 4.5.1).
GC Marshall et al.: Preprint submitted to Elsevier Page 8 of 21
Neural Network Diagrams Interview Study
4.1.3. Diagrams are relational
Participants saw the (relational) complexity of their systems as better represented by a diagram than linear text.
The comments on this topic focus on explanatory and communicative value. Participant quotes express this: "It is
not easy to explain a complex network without a diagram." (P4) and "I am not sure they would grasp this concept of
compositionality as well through text . . .what I try to do is show how this fits together." (P12).
For some participants there were multiple reasons for using the relational advantage of diagrams: "It encodes a
couple of things quite well, it encodes data flow and also computation steps, so it is a nice way of doing both of those
two things at the same time. [Pause] It is generally easier to walk through people, so if you are presenting some design
it tends to be easier to walk people through what is going on by pointing at blocks and describing that particular block
in the overall picture." (P10).
4.1.4. Diagram relation to the text
We now consider primarily readership usage, though readership is naturally intertwined with authorship. In an
academic paper reading context, six participants reported using diagrams as an accompaniment to the text, while six
reported a special role for diagrams.
3/12 participants reported reading the diagram before the text of a scholarly publication. "I personally start with
the diagram to get a general view" (P3), "Even before reading the abstract or conclusions. I go directly to the diagram,
this is what I’m looking for" (P6) and "Reading the paper starts with the diagram, for me." (P7). This contrasts with
the comment that "It is a process of moving to and from the text and the diagram to get a complete picture." (P1). It is
interesting to note, particularly in terms of usability, that these three participants expressed time pressure as the reason
for using the diagram in this way, and were using the diagram as a cross-cutting schematic to understand and screen
the paper for relevance. This usage of system diagrams suggests that the diagrams may be fulfilling a role as a type of
informal graphical abstract.
An initial overview was not the only special role afforded to diagrams. Participants also reported the diagram as
the primary view on the system "if I look at a diagram and I really can’t figure out what this is doing, I’ll usually read
the paragraph before, or I’ll scan the text around it to see where the figure is referenced and read that bit. I don’t have
enough time to read whole papers." (P10) and as an index "I go back every now and then to the diagram to see how it
fits together." (P12)
4.2. How do people create diagrams?
4.2.1. Intuitively, inspired by others, or using their own set method
Six participants reported not having a systematic method to create diagrams. Two quotes describe this unsystematic
authorship process: "There is no standard for diagrams in our area, so I try to make something that makes sense, or
seems to make sense, and additionally put some explanation and hope the reader will understand." (P3) and "I guess
I’ve always got an idea about what a figure is trying to communicate that I feel is easier done in images than words
but it just depends what that happens to be." (P2).
Three further participants methods were to use "the people we cited; their diagrams" (P5) to design their own
diagrams.
Two participants had created their own standard method for authoring diagrams, and both were inspired by related
work in the creation of this method. One (P8) had a method of always using labelled layers, the other (P10) created a
custom diagram notation: "I do enforce that when I’m doing my own notebook diagramming, I’ll use a consistent set
of conventions for myself. . . the abstraction just melts away, and you can understand what’s going on rather than the
shapes." (P10).
One participant (P9) was not authoring papers for conferences.
4.2.2. User tasks when creating diagrams
The interview focused on authoring and readership practices for scholarly publication. Some additional uses of
diagrams arose during interview.
In addition to being used in the task of authoring of a paper, all non-academic researchers described the use case
of giving presentations that was not commonly discussed by the academic participants. See Table 1 for participant
backgrounds.
When asked about creative process, participants mentioned using block diagrams in a broader cognitive context,
to understand their own wider projects (P3), to solve coding problems (P1), and to interpret papers (P4). For some
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Figure 3: Number of different digital diagram creation tools reported as being used by each participant
participants diagrams were fundamental in their research process: "Interviewer: Do you draw diagrams then before
you are building the system? P4: Before, during and after [Laugh]. The whole process." Five participants mentioned
having an iterative diagram creation process, often including a colleague or supervisor, or using a whiteboard.
4.2.3. Software used to create diagrams
The software tools used to create diagrams were also very diverse. Between them, the 12 participants reported
using 16 different digital tools to create NN system diagrams. Figure 3 shows the distribution of count of tools used.
The main reasons for tool choice were ease of use and file export format. Inkscape (4), Google Draw (3), Draw.io (2),
and Tix (2) were the most commonly used tools, with other tools used by only one participant (astah, fast.ai, Google
Slides, graphviz, Illustrator, Lucid Chart, Omnigraffle, Open Office Draw, Microsoft Paint, Microsoft Powerpoint,
Microsoft Visio, and yEd). Six participants commented that a custom tool for creating NN system diagrams would be
useful, either as a plug-in to an existing tool or stand-alone.
4.3. What tasks do system diagrams support for readers of scholarly papers?
The card-sorting exercise gave insight into the tasks performed by participants reading NN systems architecture
diagrams. We had expected some topics to emerge as prevalent. However, we discovered heterogeneity. In this
exercise, we started with 15 core tasks, as shown in Table 2. Three additional tasks were each added by one participant
and are included in the table.
We asked participants to pick their top three tasks, and to highlight any number that they felt they did not do at
all. The results are reported in Table 2. Five participants chose to group some tasks together into one task, and one
participant only chose two top tasks, leading to non-conformity with "three top tasks" for those participants. The
researchers were intentionally not rigid in enforcing the limit, as the intention was to understand usage rather than
force participants into the task framework. P11 did not select an "do not do at all tasks", stating "You wouldn’t do all
of them because then you’d be trying to put too much information in the diagram. Depending on what you’re trying
to get across, each of these could potentially be uses. I wouldn’t rule any of them out". All 12 presented tasks were
chosen by at least one participant as a "top importance" task. Nine out of 12 tasks were reported as "not done at all"
by at least one participant. This highlights the variable use of diagrams by readers. The top-rated tasks were:
• "Understanding how the system works" (8/12)
• "Identifying the system novelty or contribution of the paper" (5/12)
• "Identifying layers, relations between components, or internal dependencies" (5/12)
That these modal tasks were selected by so few participants further underlines the differences in users’ requirements
of the diagrams, and complements the differences in opinion seen when discussing the Examples. To quantify this,
we used Fleiss’ Kappa for m Raters, executed in the software R (Subjects = 15, Raters = 12). We find 휅 = 0.121 and
푧 = 3.79 with p-value = 0.000149. This indicates, with significance, that there is only "slight agreement" on top tasks.
The low number of added tasks, and that each core task was chosen at least once, suggest the 15 core tasks presented
have reasonably good coverage of the task-space.
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Task P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12
Identifying corpora and data types N Y N
Identifying representational choices (e.g.
embeddings, graphs)
Y Y
Identifying the purpose of the system N Y Y Y
Identifying specific architectural features Y Y Y Y
Identifying opportunity to alter the archi-
tecture
Y N N N N Y Y N
Identifying what the author thinks is im-
portant to communicate
N N Y Y N
Comparing to other systems N Y N
Initial check to see if they use a particular
thing I am interested in
Y N Y Y Y Y
Index to navigate the paper N Y N N N Y
Memory aid N N N Y N N Y Y Y
Aid for writing a summary of the paper Y N N
Understanding how the system works Y Y Y Y Y Y Y Y
Extra: Identifying input and outputs Y
Extra: Parameters to rebuild Y
Extra: Gauge overall complexity Y
Table 2
User tasks reported by each participant when reading diagrams. Y indicates "top three
most important task" and N indicates "do not do at all". Some participants did not select
precisely three tasks, as explained in Section 4.3
4.4. What aspects of presentation do people find helpful or confusing?
4.4.1. Diagram content
Generating codes was done using the thematic analysis protocol described. However, because we found a need to
report heterogeneity, the clustering aspect of thematic analysis was not appropriate in the reporting of this section. To
be clear for a thematic analysis purist, this subsection contains codes that are categorical labels, not themes. When
describing requirements for the domain in Section 4.5, we use full thematic analysis.
Schematic overview versus implementation details In terms of what the diagram should convey, nine participants
expressed that the system diagram should provide an overview. One participant commented that diagrams should be
context dependent (P11), and two participants required implementation details such as hyperparameters (P1, P4) which
10/12 participants deemed unnecessary. When prompted with example diagrams, participants occasionally changed
their preferences. This highlights the benefit of graphic elicitation.
Use of concrete examples Two participants used diagrams as a way to instantiate an example (P5, P12). Ten par-
ticipants reported finding an example input helpful (not P4, P7). The instantiation described was key for the two
participants’ cognition (P5, P12): "I tend to inductively understand something. That is, from an example, generalise
to how it works. . . They usually don’t put examples in text, the example is usually in the diagram" (P5).
Technical knowledge and familiarity All participants commented that technical knowledge was required to under-
stand the example diagrams. Comments ranged from "Maybe this is easy to understand because I know what resnet
is." (P4, overall positive opinion) to "I’ve not used resnets so I don’t know what resnet-34 means" (P11, overall negative
opinion).
Familiarity appears to have had a substantial impact on opinion of the diagram, for all participants: "Since I come
from a more similar field and I understand this diagram well, I like this diagram." (P7). Preference difference is
quantified in Section 4.6, though with the small sample size and broad specialism groupings we did not identify any
clusters, including any similar sentiment based on primary research domain.
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Not meaningful Need to refer to text or unsure Meaningful
P1: "I doubt it, I wouldn’t expect
so."
P2: "Well, it’s not clear whether
that is just an abstract represen-
tation, I’d have to look in the
text."
P6: "Yes! I mean this is com-
puter science not literature. If
you have four, it means you have
four."
P7: "And the number, it cannot
be four dimensions, it must be
much more than that. It is ei-
ther misleading or just plain their
own internal reasoning to put it
like that."
P4: "I don’t know." P10: "So we’ve got the embed-
ding layer which is a 5-vector and
out inputs which are 4-vectors."
P8: "No. I don’t think they are
significant."
P5: "It might be significant or it
might be arbitrary, we’d probably
need to check in the paper."
P11: "I’m working on the as-
sumption that there aren’t four
inputs there, and it’s kind of an
arbitrary number."
P7: "Or maybe the hidden layer
has some other transformation
layer, then maybe that is why
they put that. I’d go in and check
it out in the paper."
P12: "And the fact that they
have four and five, I think proba-
bly the reason why they did that
was to show that the dimensions
don’t have to match. But I don’t
think it is that important, to be
honest."
Table 3
Participants expressed a spectrum of opinions, of differing confidence, on whether a precise
depiction is meaningful. P7 made two different comments, and P3 and P9 did not make
a comment mapped to this theme
4.4.2. Diagram presentation
Navigation Diagram E, which features labelled modules containing further detail, had conflicting views on the ease
of navigation: "Yeah this is automatically easier, because you’ve got the input on the top left, and it’s a bit clearer
about where you’re supposed to follow the model, as you’ve these clear arrows and guidelines." (P1) contrasts with
"This lack of direction here. I like how they have put examples here, so at least I have a start and an end, but there
is a lack of directionality in the diagram." (P7). These two quotes reflect the differences in perception and perceived
meaning found elsewhere in this study.
Ineffective use of diagrams relational properties Commenting while reading example diagrams, 2/12 participants
suggested text would be more appropriate than a diagram "It’s nice and linear, but has not revealed much more to me
than the text caption did to be honest." (P10) and "The diagram isn’t giving you over and above what you could get from
text. So in the sense of conveying information clearly, because it is that simple and basic it isn’t giving you anything a
simple sentence wouldn’t give you." (P11).
Precision meaningfulness Participants expressed varying opinions as to whether a set of circles related to a specific
or an arbitrary dimension of vector, of the type shown in Figure 1. This style of depiction of a vector is fairly common
in neural networks. Table 3 demonstrates this issue through some of the conflicting quotes. The comments are based
on Example A or E.
Hyperparameters A final comment on specificity relates to hyperparameters, the settings for the system that are used
to control the training process training. This includes, for example, the size of the vector used in each hidden layer,
and is therefore related to the requirement for precision, but not to the visual encoding of precision: The dimension
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of a hidden layer is often quite large. In practice, few authors attempt to visually encode hyperparameters of their
systems, relying instead on labelling using numbers (as in Example B). Feedback on explicit numerical representation
varied from "If you want to see that in an experimental section, they are not fixed. I would not expect to see that in an
architecture diagram, certainly not." (P8) to "It would be good to have a labelling of the dimensionality of the different
layers" (P1). The example of hyperparameters is indicative of the varied levels of granularity required by participants.
This is not always the case: At a similar level of granularity, but often required by participants, was the detailing of
specific functions such as "loss" or "pooling".
4.5. Visual encoding user requirements
Our thematic analysis focuses on visual encoding user requirements, and as such examines preferences, which
are primarily explicit rather than latent. Despite the variety and conflict of opinions demonstrated previously, there
is some underlying commonality. This subsection simultaneously considers both the creation and consumption of
diagrams. The top level themes we identified were visual ease of use, appropriate content, and expectation matching,
with multiple sub-themes. Codes in this subsection are in addition to the codes and categories outlined in the previous
sections.
4.5.1. Theme: Visual ease of use
All participants mentioned aspects related to ease of use. Navigation and Ineffective use of relational properties
(Section 4.4.2) support this theme.
Clear navigation Navigational issues were focused on overall structure: "it is relatively easy to follow due to the
structure of it." (P2). See Section 4.4.2 for more detail.
Aesthetics 8/12 said aesthetics are important, in terms of clarity of the diagram. As such this makes the concepts
of aesthetics and content intertwined. Aesthetic-related comments covered topics such as graphical objects, colour,
orientation, "prettiness" and inconsistency.
Consistency within diagram Consistency was seen as important by all participants. This was sometimes at a struc-
tural level (e.g. "It should be all at the same level of abstraction" (P6)) and sometimes at a graphical component level
(e.g. colour inconsistency "annoys me a little bit because it is making me think that those things are different while
probably they are not." (P12)). The importance of consistency can also be inferred by participants requesting diagram
guidelines or standards (see Section 4.5.4). There is a slight dissonance between the reported importance of consis-
tency and the lack of confusion due to precision meaninglessness (Section 3). This may be partially explained by the
lack of ability to validate assumptions against the full paper. Two participants expressed frustration at having to turn
their heads to read rotated labels, saying "I don’t particularly like having to turn my head to read the labels." (P10), and
"I don’t like that some things are written horizontally, some things vertically, because I have to turn my head around
to actually read them" (P12).
Process stages Particularly when creating diagrams, 8/12 participants commented on using the diagram to under-
stand the process steps "I need to write something in the paper to not only imagine but to think well about the paper,
about sequence, about its choice" (P4)
4.5.2. Theme: Appropriate content
This theme builds on the codes of Section 4.4.
Wanting more information in the diagram The "missing" information participants sought includes symbols (P1),
what to focus on (P2), specific details "score is not clear, it would be good to have an explanation" (P3), maths
"푥1, 푥푘, 푥푛, this part is confusing" (P4), inputs and outputs (P8), caption, key or legend (P9) or the purpose of colour(P10).
Wanting less information in the diagram This does not conflict directly with the previous sub-theme, being about
presenting the right information. "I don’t know what’s important here because everything is on there" (P2), and "It is
not explicit what is core in the diagram" (P4), and "The whole point is it is meant to be concise and get the information
over to you quickly but that it not concise at all." (P11).
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Wanting multiple diagrams Eight participants expressed wanting multiple diagrams in order to get different content
from each, usually one schematic and one or more detailed for specific components. "I think we need another, more
detailed graph to represent the architecture of the model. This is just an overview." (P6).
4.5.3. Theme: Expectation matching
This theme is primarily latent. It encompasses sub-themes relating to social and contextual aspects (Section 4.1.4),
including familiarity (Section 4.4), consistency, and more broadly "seeing what I expect to".
Consistency across diagrams This includes comments on complying with conventions. Half the participants said
it was difficult to understand a given author: "We have to unify the language of diagrams because I take a long time
understanding the visual language of each author." (P4). Ten participants commented on the current lack of a standard
visual language. This is further supported by the request for Guidelines (see Section 4.5.4).
Consistency within domain This includes numerically representing hyperparameters in CNN diagrams, which is
a common practice. Another example of consistency commented on was the usage of domain-specific terminology,
such as "resnet-34", "conv1", or "BERT".
Unexplained symbols These often caused frustration (9 participants). "There are some links which aren’t explained.
There is quite a lot of notation, mathematical notation, which is in the diagram but not explained in the caption. I don’t
know what half, any, of these symbols stand for." (P1). For other participants this was less of an issue or was case-
dependent "I don’t know the symbols like퐻푔 . But I assume they are described in the text." (P6).
4.5.4. Requests for guidelines
Guidelines for creating diagrams were requested explicitly by five participants: "A set of guidance, something like
that, could be super useful for researchers because most people don’t really know what they are doing and don’t know
even basic things about use of shape and colour and fonts." (P11). The nature of this request ranged from design
topics to standardised symbols. All participants made a comment that could be viewed as supporting the creation of
guidelines for authors. One participant (P9) requested guidelines for reading diagrams.
4.6. Overall diagram impression
This subsection refers to the subjective preference of each example diagram. As such, it may involve any contextual
or non-contextual factors personal to the reader. This is not an attempt to discover "good" diagrams, particularly as the
diagrams are (by definition of being in a scholarly publication) describing different systems and different contributions.
Again, the analysis suggests heterogeneity.
As part of the interview, we asked a binary "do you like or not like this diagram" for each of the examples. Neutral
sentiment was permitted, giving three possible ratings. Reliability of agreement for diagram preference was analysed
using Fleiss’ Kappa for m Raters, the standard measure of agreement for categorical ratings. This was executed using
R software (Subjects = 6, Raters = 12) giving 휅 = 0.094, 푧 = 2.33, with p-value = 0.02. This represents only
"slight agreement" between participants, with significance (Landis and Koch, 1977). Table 4 shows all reported overall
opinions. Overall, Example Diagrams A and F were most "liked" (10 and 9 participants liked, respectively), Example
Diagram D polarised (6 liked, 6 disliked, 0 neutral) and Example Diagram C was least liked overall (2 liked, 1 neutral,
9 disliked).
In an attempt to obtain a higher rater agreement, we also examined "expressed positive" or "expressed negative" in-
dividually, effectively removing neutral responses. This gives approx 0.1 kappa and p value < 0.05 for either approach,
again indicating only "slight agreement", with significance. We did not identify any clusters or patterns of preferences
based on role or domain, while noting the small number of participants in this study. This reflects the heterogeneity
described throughout the reporting of this study.
5. Discussion
5.1. Results summary
We have shown that these diagrams are used by authors and readers in a wide range of ways, with a range of needs,
perceptions, and preferences. In the interview study, we found:
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Participant
opinion of
example
A B C D E F
P1 + - - -
P2 + - - - + +
P3 + + - +
P4 + + - + + +
P5 - - - + +
P6 - + - - + +
P7 + + + -
P8 + + - + + +
P9 + - - - - +
P10 + + + + + +
P11 + + - - - -
P12 + - - + - +
Table 4
Overall opinion of example diagram: + = like, - = dislike, blank = neutral
Topic Observation
Heterogeneity Reading Perception (e.g. navigation) (Sections 4.4, 4.5)
Precision meaning (Section 4.4)
Use cases (Sections 4.3, 4.2.2)
Preferences (Sections 4.4, 4.5, 4.6)
Creation Method (Section 4.2)
Software used (Section 4.2.3)
Role of scholarly diagrams Diagrams as a summary (Section 4.1.1)
Diagrams as cognitive entry point (Section 4.1.4)
Diagrams as extraction of example for understanding (Section 4.4)
Table 5
Summary of interview findings related to the usage of scholarly neural network system diagrams
• Participants reported a wide variety of tasks performed while reading system diagrams, and had a wide variety
of preferences.
• Three important themes were identified: Visual ease of use, appropriate content and expectation matching.
• The usage of diagrams within papers for some researchers is not just as an accompaniment to text, but may be
used before (and preferentially to) textual content. This suggests there is some usage of system diagrams as a
schematic, or an informal graphical abstract.
• A large variety of different tools are used to author diagrams, even by the same individual researcher.
• Diagram creation guidelines were requested by participants.
• There is potential for confusion and communication error in diagrams being caused by the content and repre-
sentation. This includes topics such as navigation ambiguity, and whether precise depiction contained meaning.
Table 5 summarises the key findings of this study, including the areas in which heterogeneity was manifest. A
possible explanation is that the cognitive tools to support understanding in this domain are still not well developed, so
each individual has created their own way of reasoning about the topic, which is manifesting in the diagrams. The fast
pace of the field (as discussed in Section 1.1) may also be contributing to this.
This heterogeneity impacts the creation, use and effectiveness of diagrams, so is directly related to the RQs. We
found that why people use diagrams, how they create them, and their presentation preferences are all extremely varied.
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5.2. Method
In this scholarly and technical setting, it was very useful to use ecologically derived examples to elicit comments
from participants, encouraging discussion of topics that we did not foresee. In previous literature this is unusual,
instead using more constrained researcher-created diagrams.
5.3. Limitations
• We conducted a small scale interview study, and participants were selected to have varied levels of experience
and expertise (Table 1). This method is useful for providing rich perspectives from individuals, and allows for a
wide range of topics. However, it is a limitation of this approach that findings cannot be generalised.
• Diagrams were considered outside of the paper context, in order to focus the discussion on the diagrams rather
than the content of the paper. We mitigated this risk by using example diagrams that were relatively self-
contained. This methodological choice, combined with the unnatural interview setting, means we are able to
discuss "reported usage" rather than "actual usage".
• Participants took part in the study knowing it was about diagrams, and may be unrepresentatively positive about
their use.
• Participant opinion on diagrams may have been distorted by their own perceived self-efficacy: "So, since I come
from a more similar field and I understand this diagram well, I like this diagram." (P7). We did not assess the
correctness of their statements or sentiments as part of this study, in order to help the participant feel at ease. It
is possible participants were wrong in their assumptions about the systems, and the accompanying text was not
provided to assist in validating assumptions. This could have influenced their opinions on the example diagrams.
• For the card-sorting, we used a broad range of tasks, all of which were relevant and therefore useful to include.
We constrained the number of tasks to the level we felt appropriate in order to make the task feasible for par-
ticipants to undertake. In hindsight, due to the heterogeneous usage of diagrams, there would have been benefit
from more precision particularly in "understanding how the system works", for example the level of granularity
the user requires.
5.4. Guidelines for Neural Network Diagrams
In the face of this heterogeneity both in usage and preference, we hope to lay a path for discussion and perhaps
step towards conventions or evidence-based guidelines for improved effectiveness. Unlike in Human-AI interaction
design, where multiple sets of guidelines already exist and are being methodically refined (Amershi et al., 2019), we
are not aware of any AI system architecture diagram guidelines. There is a long established tradition of providing
theoretically grounded guidelines (Koyani and Allison, 2003) for many areas of HCI which may have relevance to dia-
grams, including guidelines for GUIs (Mayhew, 1994), to support navigation (Vinson, 1999) and optimise perceptual
properties of layouts (Serrano et al., 2017). Further, there are HCI methods for comparing the utility of guidelines
for user interfaces in theory (Jeffries et al., 1991) and evaluating their effectiveness in practice (Linehan et al., 2011;
Miniukovich et al., 2019; Power et al., 2012). These methods and measures could be applied for the benefit of system
diagrams. Guidelines with empirical evaluation would have the potential to make a quantifiable reduction in ambiguity,
miscommunication and errors, and allow scholarly diagrams to better serve their readers and authors. In the following
sections we discuss existing HCI guidelines, and their relevance or otherwise to AI system diagrams, proposing a set
specifically to address this area in Table 6.
5.4.1. Theoretical diagram guidelines
In abstract diagram design, there are fragments of advice to be found in the literature, on topics from cognition to
perception. Perhaps the most concrete diagram guidelines are those derived by Larkin and Simon (1987), for max-
imising the interpretability of diagrams:
• Group together spatially information that is used together, in order to avoid searching during inference.
• Avoid symbolic labels.
• Make use of perceptual enhancement, for example working from left to right.
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Whilst perhaps useful for neural network diagrams, neither grouping nor symbolic labels featured prominently in
the interviews, suggesting these may not be the priority for useful guidelines in this domain. Concrete examples
of perceptual enhancements applicable to diagrammatic representations can be found in Gestalt laws (Wertheimer,
1923). Relevant Gestalt principles for AI diagrams include proximity, similarity, closure, direction, and habit (common
association). They optimise for perceptual ease, such as easy discriminability of elements. Gestalt laws seem to be
useful for consideration, however they are essentially for perceptual effectiveness, rather than communication, and are
optimised for visual speed rather than communicative efficacy. Gestalt principles feature heavily in UX guidelines (see
Section 5.4.4).
There are further practical recommendations that can be found in other studies. These offer at least a partial view on
"good diagrams", and include ensuring good labeling and highlighting relative importance (Moody, 2007), using non-
linguistic symbols depending on audience experience (Petre, 1995) and minimising the number of symbolic elements
(Nordbotten and Crosby, 1999).
These general diagramming guidelines appear relevant to neural network diagrams. However, they have not been
designed for the complexity of neural network systems, nor communicative scholarly tasks, and would benefit from
empirical evaluation.
5.4.2. Design guidelines
There are existing design guidelines which may support the improvement of diagrams, such those relating to User
Interface Design (Shneiderman and Plaisant, 2010). Four of Schneiderman’s "Eight Golden Rules of Interface Design"
are applicable to diagrams:
• "Strive for consistency": Whilst Schneiderman focuses on internal consistency, it was contextual consistency
that came out strongly in the interview. As such, is it unclear howwell this translates from interfaces to diagrams.
• "Design dialog to yield closure": Extending this concept potentially leads to inputs and outputs being good to
include, as they give more completeness. It also could support the "expectation matching" theme.
• "Reduce short-term memory load": Supports the comments about schematics and simplicity.
• "Enable frequent users to use shortcuts": This supports abbreviations and exploitation of existing conventions.
The remaining four rules are not relevant to (static) diagrams, as they focus on interaction: "Offer informative
feedback", "Offer simple error handling", "Permit easy reversal of actions", "Support internal locus of control".
5.4.3. Information visualisation guidelines
Of Schneiderman’s (1996) seven tasks "overview, zoom, filter, details-on-demand, relate, history and extract", two
(overview and relate) were found to be important tasks for participants. Schneiderman’s Mantra of "overview first,
zoom and filter, then details on demand" does not appear to be useful for static system diagrams. This perhaps reflects
that, whilst the high level may not fit diagrams, there is insight which can be gained from the granular empirical
evidence from which these are derived.
Tufte’s (1990) influential work centred on data visualisation also includes application to information visualisation
more broadly, and spans a wide variety of two dimensional representations. In his wide-ranging coverage of domains
from multivariate data to planetary relationships, and from maps to music, Tufte comments that for technical engi-
neering diagrams "What matters - inevitably, unrelentingly - is the proper relationship among information layers."
(emphasis in original). This was also suggested by our interviews.
Several of Tufte’s guidelines support creation of schematic diagrams, such as "Maximise Data Ink; Minimise non-
data ink" and avoidance of "Chartjunk". Further, support for his guidance on effective use of colour, and emphasising
a horizontal direction, can be distilled from the interviews as being sometimes problematic for readers of NN system
diagrams. A number of Tufte’s recommendations may be less appropriate for complex systems diagrams, such as
(a) high density being desirable, (b) assuming everyone is an expert, and (c) giving readers all the data so they can
exercise their processing power. This advice would appear to conflict with the aims of the "summary overview" use
case indicated by participants (see Section 4.1.1).
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Guideline Explanation
A. Use conventional graphical
objects where possible
These are aesthetically preferred, and less likely to cause confusion
B. Only use one type of arrow
for information flow
This is less likely to cause confusion. Reserve different types of arrow for fundamentally
different uses
C. Use precision with care Using (for example) 4 of a thing will make some readers think there are 4 of the thing
and others 푛 of the thing
D. Include the input and out-
put of the whole system
This helps make the overall purpose of the system clear
E. Consider using a single
consistent example through-
out
This helps some readers to understand by instantiating the example and then gener-
alising
F. Use visual encodings mean-
ingfully
When using a visual encoding principle, such as grouping by proximity or alignment,
there should be a reason for it
G. Make navigation easy Ensure it is easy to navigate a path through the diagram. Labels for layers, arrows,
and linear alignment help to make navigation straightforward
H. Do not use colour for aes-
thetics
If you use colour, it should indicate grouping, otherwise it can cause confusion
I. Use available conventions For example, if representing a CNN, it seems good to use the conventional 3D CNN
format, and include all the filter widths numerically
J. Consider what people
might expect to see
For example, if representing a CNN, put pooling in as a step. If you don’t use pooling
and that is important, consider noting that in a caption or label, as otherwise it may
be assumed present
K. Be specific For example, "BERT" is better than "embedding". This aids interpretability by avoid-
ing obvious gaps
L. Consider that some readers
may use the diagram without
text
For these readers, a relatively self-contained diagram is particularly helpful
Table 6
Proposed guidelines for neural network system architectures
5.4.4. User experience guidelines
User Experience (UX) draws heavily on both design and information visualisation, combining evidence and draw-
ing new conclusions with relevance to the UX domain. Hartson and Pyla (2012) recommend Tufte’s approach: "Don’t
let affordances for new users be performance barriers to experienced users", whilst suggesting to "Accommodate dif-
ferent levels of expertise/experience with preferences". Hartson and Pyla’s guidelines for UX cover a wide field. Many
of these guidelines are related to the fields of Design and Information Visualisation, and appear relevant to system
diagrams (as discussed in Sections 5.4.2 and 5.4.3).
An important UX consideration is accessibility, the ease of use for specific user groups such as those with disabil-
ities. Accessibility in diagrams appears to not be prioritised, particularly with respect to colour-blindness, language
fluency, the examples chosen, or textural or mathematical modalities.
It is not clear without further research whether Hartson and Pyla’s guideline to "Support human memory limits
with recognition over recall" would also be advisable for scholarly system diagrams. In scholarly research, recall (the
retrieval of related details) is required to place this diagram against related work, whilst recognition (the ability to
identify familiar information) is likely to aid efficient perception of the diagram. Scientific practices make the use
cases for scholarly diagrams more integrated with their context than for a comparatively stand-alone user interface,
and as such the prioritisation of recognition over recall may also be different.
5.4.5. Neural network system guidelines
Few of the existing guidelines are evidence based, and none have been empirically evaluated in a scholarly domain.
For the specific cognitive tasks performed in research, and for the specific representational requirements of neural
network systems, it may be expected that guidelines devised for general usage would not be appropriate.
Table 6 proposes a set of guidelines designed for pragmatic improvement to neural network system diagrams, based
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on the findings of this study. The intention is for the guidelines to be adapted as the community’s requirements change,
and evidence for the efficacy of each guideline is established.
6. Conclusion
Diagrams are an important and widely used way of communicating the architecture of neural network systems. Our
interview study finds heterogeneity in the way they are constructed and understood, which provides freedom for the
author, but leads to potential inaccuracies in their interpretation. Existing HCI guidelines have relevance for scholarly
neural network system diagrams, but no set maps directly to the issues we uncovered in the study. To bridge this gap,
we propose guidelines specifically addressing the main causes of confusion. We conclude with a participant comment
that concisely summarises the findings of this study: "I think this lack of language for diagrams is so bad, even at a
high level there is nothing the same at all." (P10).
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